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Abstract 

The exponential growth of digital content consumption is straining traditional centralized networks, resulting in high 

latency and server overloads. To meet user expectations, Edge Computing has emerged as a vital solution, placing 

processing and storage resources near end-users. Within this decentralized architecture, caching is critical for efficient 

content delivery. However, conventional caching methods like LRU and LFU are static and fail to adapt to dynamic user 

behavior and evolving content popularity. This paper proposes an AI-Driven Predictive Caching framework to overcome 

these limitations. The approach utilizes the Random Forest Algorithm to analyze historical access patterns and 

proactively forecast future content demands. This predictive strategy is demonstrated using Redis to simulate a realistic, 

in-memory edge environment, with Streamlit providing real-time visualization of system behavior and predictions. Our 

findings aim to demonstrate that integrating machine learning with edge computing significantly enhances traditional 

caching mechanisms, resulting in higher cache hit rates, reduced latency, and ultimately creating more adaptive and 

responsive edge networks essential for critical content delivery systems 
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1. Introduction 

As the use of Internet and use of digital content has 

increased in recent years, there is a need for quicker and 

more efficient methods of delivering content. This 

increase in usage has placed pressure on traditional 

centralized networks. These networks fails to meet user 

expectations due to factors like latency, bandwidth 

limitations, and server overloads. To cater to these 

challenges, use of edge computing is gaining 

importance. Edge computing poses to be an effective 

approach that places processing and storage resources 

near to the end user. This proximity to the end users 

helps in reducing data transmission delays, saving 

bandwidth, and improving the overall user experience 

[1]. 

Caching serves as an important tool for edge computing 

systems to function effectively, in content delivery 

scenarios. By retaining copies of frequently requested 

content nearer to the users, caching promotes faster 

response time and reduces the need of fetching data 

from centralized servers. Many Conventional caching 

techniques like Least Recently Used (LRU) and Least 

Frequently Used (LFU) have been excessively used due 

to their straightforward implementation. However, these 

rule-based methods suffer from problems like inability 

to shifts based on user behavior, evolving content 

popularity, and changing network conditions [5][6]. 

Predictive caching driven by Artificial Intelligence (AI) 

has been thus proposed in this paper to overcome the 

above discussed limitations. The proposed method 

works by analyzing historical access patterns and 

forecast future content requests based on Random 

Forest Algorithm machine learning models. As the 

proposed approach is based on proactive caching 

strategy, it is able to store relevant user content thereby 

increasing cache hit rates, reducing latency, thereby 

enhancing the performance and responsiveness of edge 

computing networks. 

In the proposed method, Redis has been used to 

simulate a realistic edge environment in-memory 

caching system. For visualizing predictions and system 

behavior in real-time Streamlit has been used. The 

proposed method aims to demonstrate that AI can 

effectively enhance traditional caching mechanisms and 

make edge networks more adaptive and responsive. The 

combination of machine learning with edge computing 

has the potential to significantly improve content 

delivery systems, particularly in scenarios where 

network performance is critical [7]. 
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2. Literature Review 

In edge environments, low-latency delivery is critical. 

Here, caching helps reduce the need to fetch data from 

central servers, saving bandwidth and reducing response 

time. However, the constraints of limited storage, 

computing power, and constantly changing user 

demands make traditional caching methods suboptimal. 

AI-based approaches introduce learning capabilities into 

caching, allowing the system to make context-aware, 

adaptive decisions.[1][5]. AI enhances caching 

performance by Learning access patterns over time 

instead of fixed rules, adapting to new data trends (e.g., 

shifting user behavior, location-specific content needs), 

incorporating multiple features (like device type, time 

of day, content popularity) and predicting future 

requests, making cache hit ratios higher and low 

latency. Machine Learning is a subset of AI which 

empowers systems to identify patterns within data and 

improve their decision-making capabilities over time 

without depending on hard coded instructions 

[8][32][33]. When applied to caching systems, ML 

techniques are instrumental in forecasting future content 

requests by analyzing user activity and relevant system 

metrics. Machine learning techniques introduce data- 

driven intelligence into caching mechanisms, enabling 

systems to: 

Identify and analyze user access patterns, 

Extract insights from temporal attributes, such as time 

of request, 

Adapt dynamically to spatial factors like device type 

and user location, 

Predict future content demands, thereby optimizing 

cache storage by prefetching or retaining frequently 

accessed or high-value data 

 

Table 1 provides an overview of the Machine Learning Algorithms for Caching Optimization. 
 

ML 

Algorithm 

Expected 

Accuracy 

Resource Usage Model 

Transparency 

Suitability for Real- 

Time Use 

Random Forest Reliable Moderate Fairly Interpretable Reasonably Suitable 

Support Vector 

Machine 

Strong High Limited 

Transparency 

Less Suitable 

Neural Networks Very Strong Resource 

Intensive 

Low Interpretability Moderately Feasible 

K-Nearest 

Neighbors 

Average High Easy to Interpret Not Ideal 

Decision Tree Moderate Lightweight Highly Transparent Well-Suited 

Gradient Boosting High High Low Transparency Moderate 

 

Over the last decade, numerous studies have addressed 

intelligent caching systems using machine learning, 

especially within the contexts of web services, mobile 

networks, and, more recently, IoT environments. Table 

1.2 summarizes and compares representative works to 

identify their contributions, strengths, and shortcomings 

[9][34][35]. 

 

Table .2: Comparative Analysis of Existing Works 
 

 

Study 

 

Approach 

 

Model Used 

 

Domain 

 

Contribution 

 

Goudarzi et. 

al. [1] 

 

Proactive caching 

using ML 

 

Random 

Forest 

 

Mobile Edge 

 

Predicts user content requests 

based on mobility patterns 
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Keshari et. al., 

[4] 

Edge caching with 

federated learning 

LSTM + FL IoT Privacy-preserving caching via 

decentralized training 

 

Gao et. al. [2] 
 

Context-aware caching 
 

XGBoost 
 

Smart Cities 

 

Uses context (location, time, 

device) to improve hit rate 

 

Alkadi et. al., 

[3] 

 

Lightweight ML 

caching 

 

TinyML 

/ SVM 

 

Embedded IoT 

 

Focused on reducing model size 

and energy for edge devices 

 

A deep analysis of latest literature on intelligent caching 

mechanisms, particularly those which have Machine 

Learning (ML), reveals some limitations that hinder 

real-world deployment—especially in resource- 

constrained environments like IoT or edge computing 

systems: 

Lack of Edge Adaptability: 

Many existing models are trained on cloud 

infrastructure, making them hard to deploy on low- 

power edge devices because of size, complexity, and 

runtime requirements.[9] [10][36][37] 

Heavyweight and Complex Models: 

LSTM, GRU, or CNN, while accurate, are often 

computationally expensive solutions. They have latency 

and energy overheads, limiting their applicability in 

latency-sensitive environments.[11] 

Static and Non-Adaptive Caching: 

Traditional caching mechanisms fail to dynamically 

adapt to non-uniform user behavior or environmental 

changes. ML models that are not regularly updated lead 

to outdated predictions.[6] 

Insufficient Focus on Energy and Latency: 

Although important for IoT and smart device 

applications, only a few of studies provide evaluation 

metrics such as energy consumption, inference latency, 

or memory footprint [12] 

Dataset Limitations: 

Most publicly available datasets lack contextual 

information relevant for caching, such as user mobility, 

content freshness, and edge deployment metadata.[10] 

Limited Comparisons Across Models: 

Several studies introduce individual machine learning 

models without conducting comparative benchmarks 

against alternatives such as Random Forest, XGBoost, 

or Neural Networks, often overlooking the trade-offs 

between model performance and computational 

complexity[6] 

The proposed work aims to design a predictive caching 

framework that is: 

Lightweight and Scalable: Best for real-time 

deployment on edge devices with limited computational 

resources. 

Comparative in Nature: Evaluates multiple ML 

models—such as Random Forest, XGBoost, and Neural 

Networks—to highlight trade-offs in accuracy, 

inference time, and resource usage. 

Real-Time Adaptive: Continuously learns from new 

data to update caching decisions, reducing cache misses 

and latency. 

Energy and Performance Aware: Uses performance 

metrics that reflect real-world operational efficiency, 

especially for smart and low-power devices. 

The proposed work aims to bridge the gap between 

accuracy-focused research and deployment-ready 

solutions [13][38][39]. 

3. Proposed Work 

The proposed AI Driven Predictive technique for Edge 

computing is designed to provide intelligent content 

caching within edge computing scenarios. The main 

goal of the proposed technique is to build and evaluate a 

supervised machine learning model that can make real- 

time caching decisions by analyzing attributes of 

incoming web requests [14][40]. 

The proposed methodology follows a series of iterative 

stages aimed at developing an efficient predictive 

caching system: 
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Synthetic Data Creation: Generating simulated user 

request patterns to form a realistic and representative 

dataset. 

Data Preparation and Feature Development: 

Improving the dataset through preprocessing steps and 

systematically designing input features to enhance 

model learning. 

Model Building and Evaluation: Training and 

assessing multiple supervised learning models to find 

the best model for predictive caching. 

System Integration: Implementing the trained model 

within a Redis 

in-memory caching framework and making a user- 

friendly interface using Streamlit. 

To improve system accuracy and computational 

efficiency, each of the above-mentioned stages were 

tested repeatedly and refined. 

Table 3: Features Description 

3.1 Database Design 

A synthetic database was first created to simulate the 

request behavior in content delivery systems. The 

database was created with the following objectives 

[41][42][43] 

To Represent temporal access patterns (e.g., peak hours, 

weekends) 

To Simulate diverse device and network types, 

To incorporate varying cache-worthiness levels for 

different requests, 

To Maintain balance between cache and no-cache labels 

for classification. 

Features Collected 

Each data record corresponds to an individual content 

request, characterized by the following features 

[44][45]: 

 

 

Feature 

 

Description 

 

Type 

 

user_id 

 

Unique identifier for the user 

 

Categorical 

 

url 

 

Requested content/resource 

 

Categorical 

 

request_count 

 

number of same request by same user 

 

Numerical 

 

response_size 

 

Size of content returned (in KB) 

 

Numerical 

 

time_taken 

 

Response latency (in milliseconds) 

 

Numerical 

 

device_type 

 

Device used (mobile, desktop, tablet) 

 

Categorical 

 

region 

 

Geographical region (e.g., Asia, Europe, US-East) 

 

Categorical 

 

request_meth od 

 

HTTP method (GET, POST, PUT, DELETE) 

 

Categorical 

 

hour 

 

Hour of the day when request was made 

 

Numerical 
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day of week The day when the request was made Numerical 

 

cache label 

 

Binary 

 

Binary Label 

 

Additionally, some tags to enhance context awareness 

were also created like 

is_peak_hour (boolean): True if access 

occurred during peak usage windows (e.g., 6 

PM – 9 PM), 

is_weekend (boolean): True for Saturday or 

Sunday accesses. 

3.3 Data Creation 

The Python libraries such as NumPy and Faker were 

used to create the dataset. The data generation process 

incorporated several strategies [14][15][16]: 

To simulate realistic network behaviour 

latency variations were based on geographic 

region and device type 

To reduce class imbalances, the cache_label 

classes were balanced to maintain an even 50- 

50 split. 

To simulate real user behaviour some 

randomness was inserted in data. 

The resulting dataset comprised of 20,000 records. The 

dataset thus created offered ample diversity for training 

and validation and at the same time lightweight enough 

for edge-scenario modeling [17][18]. 
 

Figure1: Sample Distribution of Cache vs. No-Cache 

Labels 

Data Preprocessing 

Firstly to convert the raw request logs into a structured 

format appropriate for training supervised learning 

algorithms , they were passed through a systematic 

preprocessing pipeline. To adjust Numerical features 

such as response_size and time_taken within a 

range[0,1], they were normalized using min max scaling 

[19][20] . The normalization is done avoids bias toward 

high-magnitude variables and improves training 

stability. Categorical fields were also encoded using the 

following strategies: 

To generate separate binary columns for each distinct 

category, One-Hot Encoding was applied to features 

such as device_type, region, and request_method, 

for high-cardinality fields like url and user_id, , 

Frequency Encoding was used to replace each unique 

value by its corresponding frequency of occurrence 

within the dataset [21][22]. 

This process helped to treat non-numeric attributes as 

learnable features. Additional context features were 

derived to capture temporal and behavioral nuances: 

is_peak_hour: Flagged requests made between 18:00– 

21:00 as True. 

is_weekend: Set to True for requests made on Saturday 

or Sunday. 

user_activity_level: Computed as the total number of 

requests made by a user during the week 

(high/medium/low tiers). 

These features enriched the dataset with higher-level 

semantics. Since the primary label (cache_label) was 

binary, class balance was maintained by design with a 

50:50 distribution [46][47][48]: 

Oversampling (SMOTE) and undersampling were tested 

but not needed due to the controlled generation process. 

The resulting well-prepared, feature-enriched dataset 

was then utilized as the foundation for training the 

predictive models. 

3. 5 Model Selection 

Random Forest model was selected due to following 

reasons: 

It has Balanced Accuracy & Interpretability: 

Outperformed Logistic Regression and Decision Trees 

on validation sets. 

It can Handle synthetic variations in the dataset 

effectively. 

As it is Less intensive than boosting models, it is better 

suited for eventual edge deployment. 
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It has Support for Feature Importance Analysis3.6 

Training and Evaluation 

A database was split into 80:20 ratio. Model was trained 

using hyperparameter tuning based on a grid search 

strategy, a n d evaluating using a different 

combinations of key parameters such as estimators, the 

max depth, and the minimum sample size to split a 

node. To ensure a complete assessment of the model’s 

performance, some evaluation metrics were used, 

precision, accuracy, recall, and F1 score. Additionally, a 

confusion matrix was analyzed to gain deeper insights 

into classification outcomes [23][24]. 
 

3.7 System Integration 

The trained Random Forest model was integrated with a 

Redis server to simulate real-time caching decisions. A 

Streamlit application was made for: 

Generating sample requests 

Displaying model predictions 

Showing Redis cache updates 

This allowed simulation of edge behavior where 

decisions are made in real time based on user input [25]. 

3.8 Deployment Simulation 

While actual edge deployment was not conducted, the 

simulation mimicked a lightweight edge node using: 

Local system resources only 

Minimal dependencies (Scikit-learn, Redis, Streamlit) 

In-memory decision-making via Redis 

This setup reflects what would run on real-world edge 

devices like Raspberry Pi, IoT gateways, or CDN nodes 

[26]. 

4. Implementation and Results 

Implementation and testing were done mainly in a 

cloud-hosted environment—Google Colab—which 

provides scalable computing resources, including GPU 

acceleration, to support efficient experimentation [27]. 

All necessary software libraries were managed within 

the Google Colab environment, utilizing either pre- 

installed packages or installations through the pip 

package manager. For local system execution, the 

required dependencies were installed using the 

following command: 

The system utilized synthetic or preprocessed caching 

logs stored in CSV format. Four different batches 

batch1.csv, batch2.csv, gpt_batch7.csv, and 

gpt_batch8.csv—were concatenated to create a unified 

dataset named caching_dataset_20k.csv. 
 

Figure 2: Features in the Dataset 

After the dataset merging, some continuous 

preprocessing steps were done to refine the data for 

model training. Same entries were removed to ensure 

data integrity, and irrelevant columns such as 

timestamp, user_id, and url_requested were dropped 

[28]. Data types were standardized, and missing values 

were addressed. Categorical variables, including 

device_type, region, and request_method, were encoded 

using label encoding. 
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Feature importance scores showed the following top 

contributors: 

request_count 

request_size_time_ratio 

response_size 

device_type 

These insights helped understand which request 

attributes were most important f o r influence caching 

decisions. 

 

 

 

 

 

 

 

 

 

 

Figure .3: Feature Importance Analysis 

Two models were trained using supervised classification 

[29][30]: 

Random Forest Classifier 

XGBoost Classifier 

All algorithms had trained using 80% part of the 

dataset, with the remaining 20% part kept aside to 

evaluate its performance on unseen 

data.Hyperparameters were initially set using defaults; 

df = df.drop_duplicates() 

 

df = df.drop(columns=["timestamp", "user_id", "url_requested"], axis=1) 

df["response_size"] = pd1.to_numeric(df["response_size"], errors="coerce") 

df["time_taken_ms"] = pd1.to_numeric(df["time_taken_ms"], errors="coerce") 

df["request_size_time_ratio"]=pd1.to_numeric(df["request_size_time_ratio"], 

errors="coerce") 

for col in ["device_type", "region", "request_method"]: 

 

le1 = LabelEncoder() 

 

df[col] = le1.fit_transform(df[col].astype(str)) 

 

df["response_size"] = df["response_size"] / df["response_size"].max() 

df["time_taken_ms"] = df["time_taken_ms"] / df["time_taken_ms"].max() 

df["request_size_time_ratio"]=df["request_size_time_ratio"]df["request_size_time_ra 

tio"].max() 

df.to_csv("full_data_processed.csv", index=False) 
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tuning may be extended via GridSearchCV 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.1 Evaluation Metrics and Result 

Evaluation  focused  on  accuracy,  calculated  using 

.score() and accuracy_score() 

functions. The results are as follows: 

 

Figure 4: Evaluation Metrics 
 

 

Figure 5: Confusion Matrix 

4.2 Real-Time Caching Simulation 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Redis was used as the caching backend. Based on 

the model’s binary prediction (cache or not), a sample 

request was stored in Redis using a unique URL-based 

key [31]. 

Redis entries were monitored using the Streamlit 

interface, showing whether a request was cached along 

with associated metadata (timestamp, region, device 

type, etc.). 
 

Figure 6: Prediction Process 

from sklearn.ensemble import RandomForestClassifier 

my_model = RandomForestClassifier(random_state=42) 

my_model.fit(X_train_mkdt, y_train_mkd) 

from xgboost import XGBClassifier 

 

xgb_model = XGBClassifier(random_state=42) 

xgb_model.fit(X_train_mkd, y_train_mkd) 
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4.3 Streamlit App 

The dashboard has been made using Streamlit to allow 

real-time simulation: 

Input of randomized or user-defined request data 

Visualization of prediction results (caching decision) 

This served as a user interface to validate 

system behavior and showcase edge-node-like 

operations [32]. 
 

Figure 7 (a) Dashboard UI showcasing overall system 

interface and analytics panel 
 

Figure 7 (b) Visualization of a request being cached by 

the system 
 

Figure 7 (c) Example of a request identified as non- 

cacheable. 

 

 

Figure 7 (d) Display of previously accessed URLs, 

reflecting request history and system logging. 

5. Conclusion 

This work focused on designing and assessing an AI- 

based predictive caching system tailored for edge 

computing scenarios. Conventional caching techniques 

like LRU and LFU depend on fixed heuristics and fail 

to adapt to evolving user behavior patterns. To 

overcome these limitations, a Random Forest classifier 

was employed to determine the caching relevance of 

incoming requests. The model made decisions based on 

input features, such as timestamp, geographical region, 

device category, and frequency of requests 

The system was trained on a synthetically generated 

dataset and integrated into a simulated edge architecture 

using Redis for caching and Streamlit for interactive 

visualization. The overall architecture successfully 

emulated real-time request prediction and caching logic, 

achieving an accuracy of 86.35% with balanced 

precision and recall. Feature importance analysis 

revealed that request count, the request size-to-time 

ratio, and response size were the most significant 

factors impacting the model’s predictions. 

This work shows the practical usage of deploying 

lightweight AI models in edge-like environments. By 

merging supervised machine learning with real-time 

simulation tools, the project highlights how caching 

decisions can be automated and optimized using data- 

driven techniques. 
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